Abstract Mt Vesuvius is regarded as one of the most deadly volcanoes on earth. With over 1 million people living on its flanks and in its periphery, there is little doubt that an eruption of sub-Plinian magnitude would be catastrophic to the livelihood and well being of contemporary Neopolitans. Such a large scale eruption would have wide ranging and differential effects on the surrounding population. Whereas previous studies of social vulnerability have focused on individual demographic factors (such as age, income or ethnicity), this research proposes the application of a general neighbourhood classification system to assess natural hazard vulnerability. In this study, Experian's Mosaic Italy is used to classify and delineate the most vulnerable neighbourhood types around the province of Naples. Among the neighbourhoods considered most at risk, those areas with high proportions of elderly and low income families are deemed particularly vulnerable. With current evacuation plans deemed outdated and poorly communicated to the locals Rolandi (2010), Barberi et al. (2008) , this methodology could prove to be a useful input to both town planners and civil protection agencies. A range of statistical measures and geophysical risk boundaries are employed here to assess the different areas of human resilience.
Introduction
Based on research in Disaster Risk Reduction (DRR), it is noted that different demographic and socio-economic groups experience natural disasters in different ways. Some neighbourhood profiles appear to be more socially vulnerable than others. Factors such as age, gender, income, and ethnicity all contribute towards a household's capacity to both cope and recover from a natural disaster. Previous research has sought to classify human frailties using Social Vulnerability Indices (SoVi) (Cutter et al. 2000) , from a combination of census data and frequency of hazard exposure. However, this work hypothesises that these same vulnerabilities can be classified to a neighbourhood level using geodemographic data rather than single census variables.
Mosaic Italy is a neighbourhood classification system that divides all Italian households into one of 47 neighbourhood profiles (referred to here as 'types'). The 47 types are then aggregated hierarchically to one of 12 more general 'groups'. Mosaic Italy is used here to identify particularly vulnerable neighbourhoods in the event of a large-scale evacuation and subsequent eruption of Mount Vesuvius. Using a Geographical Information System (GIS) to derive risk maps for tephra fall, pyroclastic flows and civil evacuation, appropriate risk scores are attributed to each census output area within 50 km of the volcanic vent. A discussion then follows of the possible use and limitations that such neighbourhood classification systems could have to wider disaster management issues.
Setting
Vesuvius is located in the Campania region of Southern Italy. Volcanic eruptions are documented as far back as 18.3 ka years B.P., with perhaps the most infamous event being in AD 79, when the Roman towns of Pompeii, Herculaneum, and Stabiae were all but destroyed by devastating Pyroclastic Density Currents (PDC) (Sigurdsson et al. 1982) as column collapse occurred.
Historic and stratigraphic evidence suggest the eruption magnitudes at Vesuvius have been steadily decreasing with time, whereas the overall frequency of the eruptions has been increasing (Cioni et al. 2008) . Stratified deposits of PDC and tephra fallout have detailed a range of eruptive behaviour for this volcano (Esposti Ongaro et al. 2008) . Eruptive patterns have ranged from Strombolian and sub-Plinian events to very large-scale Plinian eruptions.
Coupled with the geophysical risks of an eruption, substantial population growth in Italy over the last century has made any significant sized eruption at Vesuvius a far more devastating proposition. Naples population grew by 38% from 1901 to 2001, and despite a slight fall in recent years (*4%), there are still some 963,000 living in central areas of the city (ISTAT 2001) . With the economic development of Naples rapidly evolving from a region of agriculture dependency to one focused around the service industry, modern day Naples is a hive for worldwide tourism (CNR 2009) .
In recent years unemployment has fallen in Campania, but compared to Italian national averages, this region still remains one of the most deprived areas of Italy (European Commission 2009). Therefore, the consequences of an eruption have socio-economic consequences that go far beyond just the immediate risks associated with volcanoes.
Evacuation plans
Current evacuation plans divide the area around the volcano into three zones that are designated for different levels of priority and the associated risk to human life. The Yellow, Blue and Red zones delineate the evacuation regions and were designed by the Department of Civil Protection (DPC 1995) . The most hazardous of these regions is classified as the Red zone-an area containing all municipalities around the volcanic vent and home to some 550,000 residents. However, these plans have been strongly criticised in recent years. They are believed to lack the understanding, support and confidence of the local community (Barberi et al. 2008) . Furthermore, the eruption scenario upon which local plans are devised is considered by many to be unrealistic in its consideration of contemporary volcanic hazards (Rolandi 2010). Current evacuation measures have not been updated since 1995.
Social vulnerability
Drawing from the literature on natural disaster risk (Quarantelli 1978; Hewitt 1983; Wisner et al. 2004) , certain demographic and socio-economic variables can be recognised as increasing a household's social vulnerability during a disaster.
The use of demographic data to assess vulnerability to natural hazards came about during the late 1970's as a paradigm shift in the standard interpretation of natural disasters (Wisner et al. 2004 ). The classical view had regarded 'natural disasters', such as earthquakes, volcanoes and hurricanes, as the sole consequence of physical forces. However, following the work of early pioneers in disaster management (Westgate and O'Keefe 1976) , focus began to be placed on understanding how hazards became 'disasters'. Social scientists began to look for more holistic approaches and question the notion of 'naturalness' in a disaster. In this wake, the concept of social vulnerability came to the fore. Disasters were starting to be defined in terms of the coping capacity of the existing population. Socio-economic and geopolitical forces were introduced as the vulnerability concept took hold. It became acknowledged that disasters were when the losses exceeded the capacity of the population to resist and recover. With this came the fundamental link that social marginalisation, an individual's access to resources, and capacity to recover are key factors in understanding residual risk to natural hazards.
Geographers in recent years have sought to try and quantify these social risks. One such example regards the idea of Social Vulnerability Indices (SoVi), as adopted by Susan Cutter et al. (2000) . This method combines social statistics with natural hazard frequencies and locations to create thematic risk maps for the US. Cutter uses a statistical and integrative approach to classify an area's risk, ranking US counties according to both their social vulnerability and frequency of natural hazards in a location. By assessing census data using Principal Component Analysis (PCA) key variables are defined in creating the SoVi. Variables that are understood to affect an individual's vulnerability during or after a natural disaster include both demographic indicators (age, gender, and ethnicity) and socioeconomic factors (income, house ownership). There is a large amount of social research into demographic factors and subsequent coping capacity during a disaster.
For example, the elderly and the young are considered to be more difficult to move during disaster evacuation and have a higher propensity to adverse health conditions (McMaster and Johnson 1987) .
Ethnic minorities are noted to have a differential exposure to disasters (Pulido 2000 ) suggesting that they are less able to access the necessary resources available to them during a disaster. This includes a lack of political means and the social networks available to indigenous populations.
One of the most discriminating variables dividing communities is household wealth. Less affluent households are very much more likely to struggle in terms of their financial resilience and subsequent economic recovery following the onset of a disaster (Burton et al. 1992) .
Gender also plays an important role in vulnerability as women have been noted to have less capacity be than men during the onset of a natural disaster (Enarson and Morrow 1998). However, gender will not be taken into account in this study because this is not a variable included in the Mosaic Italy database.
Lastly, population density is considered a significant factor during evacuation procedures (Johnson and Zeigler 1986) as densely populated areas are more difficult to evacuate than more rural regions. Using this acquired knowledge on socio-economic and demographic vulnerability, we were able to sort the Mosaic Italy data to include only those variables that might influence a household's capacity during an eruption.
Geodemographics
The growth of client segmentation and marketing analytics has been extremely rapid in recent years. One of the key protagonists in this rise has been the emergence of neighbourhood classification systems. More commonly known as geodemographics in the UK, this discipline classifies households into defined profile types based on multivariate statistics. Although additional data sources are used to gauge attitudinal and behavioural responses, classification systems are largely constructed from census data. Survey variables derived from consumer lifestyle surveys, telemarketing information, and crime surveys are then linked back to the classification groups to more clearly describe each population profile. Although Mosaic Italy classifies areas at a census output level, UK classification systems are now available at a household level (Experian Mosaic 2009 ). This level of micro marketing in the UK was not available 30 years ago.
Geodemographics had its origins in the UK public sector (Webber 1977 (Webber , 1985 but is perhaps more commonly associated with the commercial world in recent years. Providing a level of client modelling particularly suited to both direct marketing methods and customer retention, there are now several competing neighbourhood classifications systems available in the UK alone (e.g. Acorn, Mosaic, and Cameo). The Mosaic neighbourhood classification system is developed by Experian plc, and is arguably the most prevalent in UK commerce. In recent years the Mosaic product has been subsequently modified to cover numerous foreign markets. Applying a similar model derived from multivariate statistics, there is now a Mosaic classification for Singapore, Australia, Japan, Italy and a global neighbourhood product. Experian's Mosaic Italy product (2007) has been kindly loaned for this study. In doing so it will help assess the use that geodemographic data has in the research of social vulnerability to natural hazards.
The Mosaic Italy dataset has 223 survey variables that describe each neighbourhood profile (or cluster). Neighbourhood classifications are derived from a clustering algorithm (K-means) that splits all Italian households into one of 47 types. Each of these 47 types is then aggregated into one of 12 geodemographic groups (Experian Mosaic 2009). The 12 groups have taglines such Low status apartments, Wealthy Elite or Elderly Households. With each classification is provided a wealth of statistics to characterise the group in more detail. For example, the Wealthy Elite neighbourhood have above average proportions of professional workers, with very high degree attainment compared to the national average. Similarly, the Low status apartments group shows very low literacy rates and levels of high unemployment. The basis of geodemographic databases is the commonality of neighbourhoods. By using this approach, Elderly Household areas in Rome could be considered close enough statistically to merit the same classification as one in Naples. It is on this basis that neighbourhood classifications have been so popular in marketing. It should be noted that the 12 groups breakdown further to the more detailed 47 sub-groups mentioned earlier. However, these descriptions are discussed at more length in the results section. Mosaic Italy, like its UK counterpart, is compiled largely off the last census survey in the country (ISTAT 2001) as well as telemarketing data with each census output region containing approximately 60 households. Drawing from the literature on DRR, each of the 223 variables is assessed according to its discriminatory ability to define a household's vulnerability to evacuation, access to resource, financial recovery and physical risk of collapse. A range of social statistical methods has been incorporated to analyse each of the variables. This includes gini-coefficients, Pearson's correlation coefficients and the index range of variables (Leventhal 1995) . These factors are then weighted and combined with geophysical risk modelling of a Sub-Plinian eruption to formulate a vulnerability index for the area around Vesuvius. It should be noted that the weighting methodology used in this assessment has never been used before and is proposed as a means of appropriately factoring geodemographic variables in a vulnerability index.
Eruption hypothesis
Volcanoes pose multi geophysical hazards to an environment and Vesuvius is no exception. Past eruptions of Vesuvius have included several of the following: tephra (ashfall); pyroclastic flows/surges (superheated ash); lava inundation; lahars (mudflows); outputs of poisonous gases; pyroclastic bombs; generation of ocean tsunamis; and volcanogenic earthquakes. Superficial deposits from previous volcanic eruptions can be found in the surrounding geological and geomorphological strata of the Neopolitan area (Esposti Ongaro et al. 2008) . In general, past behaviour of the volcano has been characterised by short periods of high explosivity and longer periods of lower intensity eruptions (Cioni et al. 2008 ). This can be defined by the Magma Discharge Rate (MDR) which has been steadily increasing for the last 3,000 years. Higher MDR rates are more characteristic of frequent but lower magnitude eruptions. Though all volcanic events are quite unique in their exact size and nature, Table 1 highlights how Vesuvius has exhibited several characteristic styles of eruptive behaviour and magnitude over the last 20,000 years.
In terms of assessing the geophysical risk to loss of life that an eruption of Vesuvius threatens, the scope of this research did not take all volcanic hazards into account. For example, lava inundation and volcanogenic earthquakes are a common phenomenon associated with a volcanic eruption and frequently result in casualties due to house fires, building collapse, and hillslope failure. When categorising physical risk boundaries for the vulnerability model presented here, historical evidence suggests the most likely loss of life from Vesuvius would be due to PDC and Tephra fall (Cioni et al. 2008) . The principal boundaries for the geophysical index of this study comprised of tephra loading maps (based on Tephra 2 software model) and a PDC map based on 3D column collapse (Esposti Ongaro et al. 2008) . Also included in this analysis was the use of civil evacuation maps for the areas around the volcano. This was the approximate basis for the size of the geodemographic population analysed around the Mount Vesuvius summit: a concentric area 50 km around the volcanic vent.
Eruption magnitude
After considering several historic eruptions of Vesuvius, it was determined the most appropriate scenario to assume for the vulnerability model was a large sub-Plinian (II) Nat Hazards (2014) 70:1-22 5 event. A magmatic eruption of this type would be in the order of 3-4 on the Volcanic Explosivity Index (VEI). There were two main reasons for the choice of this eruption scenario. Civil protection measures (including evacuation plans) for the Neopolitan area are currently based upon the supposition of a sub-Plinian eruption, though this remains a contentious issue (Rolandi 2010). With evacuation being one of the key vulnerabilities in the geodemographic model it seemed prudent to keep scenario parameters consistent with current plans. In doing so, more pragmatic comparisons can be made to existing evacuation procedures. Likewise, given the past activity of the volcano, including geomorphologic deposits (Andronico and Cioni 2002) , a large sub-Plinian eruption in the near future is a very probable event. Although eruptive history for the volcano suggests that more frequent, lower magnitude events are becoming more likely, this eruption type provides a realistic worst case scenario with which to model possible impacts.
Creating the vulnerability indices
In order to calculate the overall vulnerability of the census regions around Vesuvius, it was necessary to pursue two separate areas of analysis: the assessment of social vulnerability of each census region and the spatial extent of the geophysical hazards. Once these risk factors were accumulated, they were then combined using a Geographical Information System (GIS) to provide a combined risk index. In creating the social vulnerability for each census region, a new methodology was proposed. Mosaic Italy index variables were assigned a bespoke level of weighting according to their gini-coefficient.
Mosaic variables
For the purposes of this study not all the 223 social variables were either needed or relevant to assessing a household's social vulnerability. Therefore, variables chosen for inclusion in the model were largely based on evidence from the literature as affecting a household's vulnerability during a natural disaster. Table 2a , b provide a cross reference matching Mosaic variables to factors from the literature known to affect both a household's social and physical vulnerability. This included factors not previously discussed that were thought worthy of consideration. For example, 'phone connection', 'literacy' and 'access to local facilities' would be very likely to affect physical and political access during a disaster. Similarly, 'income', 'marriage status' and 'housing tenure' are more likely to Table 3 highlights the 24 variables that were further used for inclusion in the vulnerability indices.
Measurement of discrimination
The degree to which geodemographic classifications can discriminate between different neighbourhoods in a given population is their key value as this enables the analyst to make informed decisions and assumptions about the behaviours and commonalities of populations. For example, if one geodemographic classification has only two groups, and another 500, providing there are sufficient survey variables to describe a population, it can be assumed that the 500 clusters will more accurately discern a neighbourhood cluster than having just two profiles (Leventhal 1995) . This was an important consideration in using the Mosaic Italy data 2007 as it is divided the population into both 12 and 47 clustered groups. Likewise, of the variables chosen for the SoVi, some factors were more discriminating than others in their ability to define a population cluster. In assessing these variables it was therefore necessary to run statistical tests that allowed for a comparative study. This involved making calculations on the index variation range, Pearson correlation coefficients, Lorenz curves, and Gini-coefficients of each Mosaic variable.
Variation in indices
The index range of a variable is a good measure of the spread of data among a population. It gives an indication of how varied survey variables are between clusters. This was used to gain an understanding of how well defined cluster neighbourhoods were in both the 12 groups and 47 types. The larger the index variation, the more discriminating a variable is
Index range (Leventhal 1995) As the equation above demonstrates, where x is the chosen variable, the range is measured by deducting the maximum index value from the minimum index value. Figure 1 shows the comparison of all 223 variables for both levels of clustering. The separation in the two lines show that there is greater variation in the 47 types than there is with just 12. (Gastwirth 1972) . They can also provide a graphical representation of geodemographic discrimination as they highlight how variable data is skewed amongst a cumulative population. With application to Mosaic Italy data, discriminatory differences can be brought out by analysing population distribution using Lorenz curves for each variable. Figure 2 shows the data skew within the distribution of residents over 65 years old within the 50 km analysis zone population. Essentially, this graph reveals that some Mosaic clusters have far higher proportions of over 65 residents than others. The area between the hypothesised 'line of equality' and the 'actual' cumulative distribution observed is known as the Gini Coefficient. This area provides a quantitative measurement of discrimination within a population. This figure can be calculated from either direct measurement off a Lorenz curve or from tabular calculation. Gini coefficients were calculated for each of the 24 variables. These values can only range from 0 to 1 and are independent of whether the final value is positive/negative. If the coefficient is closer to 0 than 1, the more evenly distributed the variable. If the figure is closer to 1, there is a more unequal distribution of a variable. The results indicated (Table 3 ) that the most unequal distributions of data included the following variables; Divorce, Buildings with 3-10 flats and Houses without water/toilet. This shows there are neighbourhoods where these factors are far more prevalent than others.
Correlations (evacuation, financial recovery, access to resources)
The last statistical test involved correlating all variables with each other to ascertain their inter-dependencies and reduce data redundancy within a risk category. This was undertaken using the SPSS statistical software package by comparing the covariance of two variables divided by the product of their standard deviations. This calculation is known as the Pearson's product-moment coefficient. Correlation coefficients vary between -1 and 1. The closer a value is to 1 or -1, the greater the linear correlation between the variables. Table 4 shows the correlations between variables that would increase a household's vulnerability during disaster evacuation. Several of these initial variables were taken out of the social vulnerability index because their correlation was too great. This would have resulted in data redundancy and effectively duplication within the model. The variables with particularly high correlation are highlighted in Table 4 in bold. Decisions had to be made regarding which of the variables to remove from the index. It was therefore necessary to compare each variable to see their relative inter-dependencies and correlations in a vulnerability subset. This resulted in the Household density, % Separated, and % Widowed variables being removed from the index. There was no requirement to have both % Separated and % Divorced variables as this was effectively data duplication with both variables showing strong alignment. Likewise, Household density was not considered necessary when there was already a Population density variable. Table 5 shows the revised evacuation variables following re-classification.
Geophysical risk models
It was necessary to use numerical modelling to predict the spatial extent of both ashfall and pyroclastic flow propagation in a simulated eruption of this size. Civil protection measures were also included in the model by digitising current evacuation boundaries for the region.
Tephra fall
Ash fall from a volcano can be devastating in terms of both loss of life as well as the destruction of rich agricultural areas and transportation networks. Although indirect consequences of tephra fall include flash floods of mud (lahars) and the potential plume hazard they cause to airplane routes, it is ash loading on houses that is regarded in this study as the greatest threat to households around Vesuvius. Using Tephra 2 (Bonadonna et al. 2005 ), a numerical modelling package that simulates the accumulation of sedimentation across a spatial area isopach maps were created to quantify the distribution of tephra. Tephra 2 is an advection-diffusion model (Bonadonna et al. 2005 ) that takes into account the grain size-dependent diffusion of ash fall in a stratified atmosphere as the volcanic plume rises and deposits erupted material. The user must define all input parameters such as particle sizes, eruption magnitude, wind characteristics and a geographical output grid. Isopach maps can then be created based on the output text file of this model. Input parameters used for this model were based on a large sub-Plinian eruption hypothesised by (Macedonio et al. 2008 ) for a likely eruption of Vesuvius. One of the crucial parameters that any tephra model must be completely transparent about is the subjective choice of wind direction. This input essentially dictates the spatial orientation of the heaviest ash loading around the volcanic vent yet is also subject to some debate. Due to most locations having a varied wind field, the choice of picking one direction for modelling can be understood to be a predicted estimate rather than any guarantee Table 6 . Therefore, studying the wind field breakdown of the Vesuvius area for a given year, the choice of prevailing wind on the day of the eruption was estimated to be North North East (322°). Over the course of a year, 18.6% of the prevailing wind emanated from this direction (Bonadonna et al. 2005) .
Once initial results were output, it was then necessary to establish those areas that were most at risk of building collapse. Based on work by (Pareschi et al. 2000) , a threshold of 300-400 kg/m 2 was assumed to represent the demarcation of those areas at highest risk of building collapse.
Pyroclastic flow
Pyroclastic flows are one of the most deadly forces of nature and perhaps the most characteristic of large volcanic eruptions. The Pompeii eruption of AD79 is still the most infamous pyroclastic event in history as thousands of Neopolitans died from asphyxiation and subsequent burial from the debris flows. This was the result of superheated gravity flows of hot ash that swept down to coastal towns through systematic column collapse of Vesuvius. Unlike lava inundation, pyroclastic flows can travel at over 100 km/hr and may reach proximal towns in a matter of minutes. The area designated as being at the highest et al. (2008) . This takes into account the topography of the land around Vesuvius to simulate total column collapse during a sub-Plinian eruption. Propagation maps of the PDCs 800 s after column collapse are the basis for the pyroclastic flow boundary used in this analysis.
Evacuation
The evacuation regions for the Georisk Index were based on the official Civil Protection plans for the area around Vesuvius (DPC 2005) . This included the Blue, Red and Yellow zones that corresponded to a given level of risk. Red is deemed the highest risk area and evacuation from this region is of priority in the event of an imminent eruption. The Blue zone is the next highest risk area and the Yellow zone the area of likely tephra fall around the volcano.
A new method for measuring social vulnerability
It is believed this method has not been used previously and would be an authentic contribution. In this model, there are essentially 3 levels of vulnerability assigned to each census output region around Vesuvius. Level 3: These are the individual social vulnerability scores for each household for the following social and physical risks; Evacuation, Financial recovery, Access to resources, Building exposure, Tephra fallout, Pyroclastic surges and Civil Evacuation (according to the 1995 DCP plans).
Level 2: These index scores are created as a composite of the respective social and physical risk scores.
Level 1: The overall vulnerability is calculated as an index from all physical and social variables in level 1.
To factor in a level of weighting in this methodology, Gini-coefficients were used for each Mosaic variable. The main reason for this was to factor in the level of discriminatory weighting. Therefore, those variables with Gini coefficients closer to 0 were given less weighting in the overall vulnerability score.
The following four equations describe how the index scores were calculated as a metric for each variable ( x ). These were then combined for all social factors to create the Social Vulnerability Index
RðWeighted variable xn Þ ¼ Vulnerability score Â ðArea of social vulnerabilityÞ 3. Total Social Vulnerability x ¼ RðVulnerability scores x ÞðEvacuation; Financial recovery; Access to resources; Building exposureÞ 4. Social Vulnerability Index ¼ Total Social Vulnerability x = Total Social Vulnerability Mean Average Â 100
In order to calculate the overall vulnerability, it was necessary to first calculate risk ranks for areas subject to Tephra, Pyroclastic surges and the Civil Evacuation around the volcano. For simplicity with regards to the index model, a numeric risk number between 0 and 3 was assigned for each Census area and for each hazard (3 = high risk, 0 = Very low/no risk). These values were then multiplied by a factor of 10 and accumulated to provide a SoVi Index. The final score was deduced from all social and physical scores as an index.
Social Vulnerability Index x ¼ RðSocial and Physical vulnerability scores x Þ ðEvacuation; Financial recovery; Access to resources; Building exposure; Tephra; Pyroclastic surge; Civil Evacuation areasÞ
Results

Social vulnerability maps
Access to resources
Vulnerability in accessing resources during a disaster increases as the location of the community becomes more rural. Figure 3a highlights this spatial relationship, showing the areas most at risk. These census areas are geographically focused on the periphery of the analysis region in largely rural census areas. Conversely, the urban areas found around Naples (displayed in dark green in this Figure) show a lower level of vulnerability to this factor. This variation suggests urban areas have higher levels of those factors likely to increase a household's access to resource during the onset of a natural disaster. In terms of the most vulnerable Mosaic groups for inadequate access to resources, the profiles overrepresented in this category came from the Large Farmhouses Mosaic category. Types 47 and 46 were among the highest ranking areas for this category, which correspond to Very remote self-employed farmers and Large farms in very low density areas. These neighbourhoods are largely self-employed agricultural workers with big families. Household amenities are often very limited and hence this groups being particularly vulnerable to limited resource during a disaster. The lowest social risk categories were largely formed from the Wealthy Elite group. The census regions assigned to this group are located in the highly urban areas, normally in city centre apartments and the prosperous suburbs around Naples.
Evacuation
In marked contrast to an individual's access to resources, the risk of evacuation to communities is found to be highest in urban areas and the least in distant rural regions. As seen in Fig. 3b , the highest ranking areas to disaster evacuation are found principally in and around the city of Naples as well as other smaller towns and conurbations scattered around the Mount Vesuvius area. This included the settlements of Caserta, Avelino, Atripalda, Mercato San Severino, Salerno, and Benevento. The Mosaic profile of these high risk areas to evacuation are inextricably linked to the defining variables of evacuation, as defined earlier in the study, i.e. demographic age, household composition and population density. Therefore, older people living in city centre apartments are defined as the most vulnerable neighbourhood group with regards to the stresses of evacuation. The Mosaic Italy classifications Elderly Households and Urban Apartments are the main categories, with types 8 and 7 among the highest ranking within this group. The lowest scoring classifications for evacuation risk were Large Farmhouses and Rural low income. The Elderly Households are very often single occupancy, likely to be over 65 years old and live in older, more vulnerable housing conditions. 
Financial recovery
The defining characteristic of those areas standing to lose the most in financial terms from an eruption would be those profiles of particularly low income. The spatial distribution of less affluent areas around the volcano has a mixed pattern. These areas of higher risk are found in both urban town centres as well as rural isolation. In fact, the only common denominator is low income, as other characteristics such as age and ethnicity are not really taken into account. The Mosaic Italy profiles over exposed to risk of financial recovery are Low status apartments and Rural low income. This explains the mixed geographic distribution of financial risk in (Fig. 3c) as these categories have an inverse spatial pattern with regards to urban proximity. It should be noted that Low status apartments is statistically the most common neighbourhood classification in the Naples province, making up 46% of all household types.
Social vulnerability index
The combination of the previously mentioned social risks during an eruption (access to resource, evacuation, financial Recovery and household risk to volcano) creates a polarised pattern of social vulnerability across the Neopolitan area. Pockets of highly populated urban areas are deemed equally as vulnerable as low-income rural regions. This pattern is reflecting the spatial conflict of the various geodemographic profiles making up each risk category. For example, though a lack of resource is defined as a rural characteristic, in the Geodem Index, urban areas exposed to problems during evacuation are given equal weighting. Add to this the mixed distribution of financial recovery and the overall geographical pattern is polarised, with both highly urban and highly rural areas being those deemed equally at risk. However, as noted in the Mosaic Italy profile of the overall Geodem Index, the commonalities of the worst hit areas are age and wealth. Elderly households that are financially less secure are the main areas of risk in the Geodem Index. This is reflected in the Mosaic sub groups of both Elderly Households and Urban apartments that constitute highest-ranking areas.
Georisk index
Figure 4a-e show the physical risk maps for civil evacuation priority areas, pyroclastic flow inundation and Volcanic ash fall loading. Using GIS overlays of each of these maps, Fig. 4e is the culmination of these boundaries assigned to census areas and given an overall physical risk weighting. The highest risk areas defined from this analysis were directly southeast of the volcano. In the event of a sub-Plinian eruption, with tephra fall largely to the East of the cone and pyroclastic flow south of Vesuvius, this region would be hit by a combination of these geophysical hazards.
The areas within the analysis region that would likely be least impacted by these hazards are predominantly found directly North of the volcano; a region that is topographically less susceptible to column collapse and tephra fall.
Overall SoVi
Having combined the physical risks associated with the onset of a volcanic eruption, the civil evacuation of regions and the social vulnerability of households, an overall vulnerability classification (SoVi) was assigned to each Census region. In Fig. 5a , the physical risks of an eruption (tephra, pyroclastic flow) largely dominate the overall vulnerability weighting to the analysis region. This can be seen by the geographical patterns of high index scores immediately to the South of the volcano and following the estimated ash fall dispersal directly to the East of the Mt Vesuvius summit. Looking more closely at the high risk areas on the flanks of Vesuvius the social vulnerability factors start to become more apparent. Within a 5-mile radius of the volcano we see the areas most at risk from Vesuvius. These consist of highly populated coastal towns along this stretch of the Campania region, including Torre del Greco, Percolator, San Giorgio a Cremano and Portici. Not only are these town exposed to substantial volcanogenic hazards, but they are extremely vulnerable to the social consequences of a volcanic eruption. They largely consist of communities with elderly, low-income households in areas of high population density.
Summary and future considerations
Coastal areas in the Naples province are some of the most densely populated in Europe. They are also the areas identified from this research as those impacted the hardest from an eruption, both socio-economically and in geophysical terms. The consequences would be far reaching and varied, with every neighbourhood profile affected to greater or lesser extents. This research showed that Elderly households and areas of Low status apartments would be particularly vulnerable. Adverse consequences could include the loss of life, agricultural land, housing stock and serious economic hardships. There is also the added risk of post eruption adverse consequences to households such as increased stress, financial deficit, depression and the possibility of extreme anti-social behaviour such as looting. Given these scenarios, it is believed this work holds particular value in understanding how socially vulnerable communities are spatially orientated among the urban landscape.
Although commercial geodemographics are fundamentally created for a different purpose, they are constructed from Census data and social survey data that has inherent use in DRR. The vulnerabilities of certain social groups in a society can be measured using Mosaic data and value can be gained in understanding these patterns in towns and cities across developing nations. One of fundamental issues raised in this study regards the inter dependencies of variables to measure social vulnerability. For example, a Mosaic variable assumed to increase social vulnerability in one category may actually act to negate the risk in another. For example, ethnic minority areas are considered to be more predisposed to risk during a natural disaster due to a lack of political access and communication practicalities during a disaster. However, in terms of social statistics, these same areas often form the wealthiest urban clusters in the Mosaic Italy dataset. This highlights a level of complexity and ambiguity in the data that further study should be mindful to acknowledge. Neighbourhood classification systems provide a useful tool in social vulnerability research but their use should be treated with appropriate caution to fully understand the limitations and caveats of aggregated statistics. Misinformation can be even more harmful than a lack of knowledge about an area's social vulnerability. For example, the Mosaic Italy 2007 data used for this work is nearly 3 years old. Data accuracy has therefore degraded in the years following its original release. Many of the demographic clusters defined in this dataset may have changed considerably in age and socio-economic construction. Likewise, the data associated with Mosaic Italy was largely derived from a telemarketing sample, which is unlikely to be wholly representative of the Italian population. Geodemographics are subject to the problems of using aggregated data (such as the Modifiable Areal Unit Problem), whereby the statistical characteristics of a census region will not always reflect the attributes of an individual or household accurately. Nonetheless, it is hoped this work offers a practical and micro-level understanding to social risk that could be more widely used. Civil protection agencies and NGOs could make use of a lower level of granularity for disaster mitigation and management. Community outreach and hazard awareness could be targeted more carefully to those demographic profiles worst affected. Local authority planning and development projects would be able to use these maps to mitigate the spatial variance of risk around a hazardous region. With current civil protection plans for Vesuvius considered by 60% of residents in the Red Zone to be inadequate (Barberi et al. 2008) , this work may contribute to a reassessment of evacuation measures. Using commercial geodemographics for social vulnerability provides a level of scalability that other natural and anthropogenic hazards could make use of. For example, the methodology used here is not exclusive in its application. It could be used to similar effect studying earthquakes or applied to a country experiencing severe food shortages. Social vulnerability variables such as gender, age, and ethnicity are as universally important to food entitlement as they are to natural disasters.
There's a certain paradox in the fact that volcanoes often yield nutrient-rich soils (in farming and cultivation) yet remain one of nature's most deadly phenomenon. Given that 9% of the world's population is estimated to live within 100 km of active volcanoes (Small et al. 2001 ), it's also an unfortunate irony that many of these populated areas are the least able to mitigate the risks of volcanic hazards (Macdonald 1972) . Figure 6 provides a comparison of the geodemographic populations of both the 50 km analysis zone used in this research and the Italian national average. It shows that the evacuation zone is nearly three times more vulnerable in terms of financial recovery, but overall social vulnerability is very nearly equal to the national average. This suggests that in terms of overall social vulnerability, the area around Vesuvius is no more disadvantaged than the nation as a whole.
The authors of this paper believe that neighbourhood classification systems hold value in providing a micro-scale level of risk assessment to volcanic hazards. In doing so, such information can aid disaster preparedness, mitigation and hopefully reduction. It should be seen not as a panacea solution to effective civil protection, but rather, an input variable in holistic approaches towards effective disaster management.
